Although sentiment analysis in Chinese social media has attracted a lot of interest in recent years, it has been less explored in traditional Chinese literature (e.g., classical Chinese poetry) due to the lack of sentiment lexicon resources. In this paper, we propose a weakly supervised approach based on Weighted Personalized PageRank (WPPR) to create a sentiment lexicon for classical Chinese poetry. We evaluate our lexicon intrinsically and extrinsically. We show that our graphbased approach outperforms a previous well-known PMI-based approach (Turney and Littman, 2003) on both evaluation settings. On the basis of our sentiment lexicon, we analyze sentiment in the Complete Anthology of Tang Poetry. We extract topics associated with positive (negative) sentiment using a position-aware sentimenttopic model. We further compare sentiment among different poets in Tang Dynasty (AD 618 -907).
Introduction
Classical Chinese poetry is a precious cultural heritage. Among its over 3,000 years of history, the Tang Dynasty (AD 618 -907) is widely viewed as the zenith of the art of classical Chinese poetry. The Complete Anthology of Tang Poetry, edited during the Qing Dynasty (1644 -1911) , contains over 42,860 poems in 900 volumes by more than 2,500 poets. The collection provides a magnificent insight into all aspects of social life of that period.
Research on sentiment/emotion and imagery analysis of Tang poetry is an active subfield in Chinese philology, with a vast literature (Watson, 1971; Kao and Mei, 1971; Kao and Mei, 1978) . In this paper, we seek to analyze the sentiment (i.e., positive or negative) of textual elements in Tang poetry from a computational perspective. Specifically, we propose a novel graph-based method to create a sentiment lexicon for classical Chinese poetry. Such a lexicon is a valuable resource for other computational research on classical Chinese poetry, such as semantic analysis (Lee and Taksum, 2012) or poetry generation (He et al., 2012; Zhang and Lapata, 2014) . Turney and Littman (2003) propose a PMIbased algorithm to estimate the semantic orientation or polarity of a word. The semantic orientation of a given word is calculated by comparing its similarity to positive reference words (e.g., excellent or beautiful) with its similarity to negative reference words (e.g., poor or bad). Instead of calculating the similarity between a given word and each of the positive (negative) reference words separately, we apply Weighted Personalized PageRank (WPPR) to measure the similarity between the given word and all positive (negative) reference words simultaneously in a lexical network that we build from a poetry corpus. Our graph-based method is able to find globally optimal solution because the lexical network is analyzed as a whole (Section 3).
We evaluate our poetry sentiment lexicon intrinsically and extrinsically. For the intrinsic evaluation, we compile two test datasets. The first dataset contains 933 words (532 positive and 401 negative) taken from three Chinese sentiment lexicons 1 . The second dataset contains 55 words taken from literature of imagery analysis for Tang poetry. These words reflect the common imageries in classical Chinese poetry and have certain fixed emotional connotations. For instance, the character "猿" (ape) often relates to sadness, anxiety and distress, while the character "荷" (lotus) is the symbol of beauty, love and rectitude. We show that our method outperforms the very competitive PMI-based approach when evaluating on both datasets (Section 4.1). Our method also outperforms the baseline on an extrinsic evaluation task of predicting sentiment orientation of classical Chinese poetry (Section 4.2).
On the basis of our sentiment lexicon, we analyze sentiment in the Complete Anthology of Tang Poetry. We first analyze topic distributions under positive/negative sentiment in Tang poetry using a position-aware sentiment-topic model (Section 5.1). We then compare sentiment among different poets in Tang Dynasty (Section 5.2).
The main contributions of our work are:
• We propose a graph-based method to build a sentiment lexicon for classical Chinese poetry. Our method is weakly supervised and does not rely on existing lexical resources (e.g., WordNet). It can be easily ported to other domains/languages.
• We evaluate our sentiment lexicon systematically and demonstrate that it can be utilized to analyze sentiment orientation of classical Chinese poetry.
• We analyze sentiment in Tang poetry on the basis of our sentiment lexicon. We apply a position-aware sentiment-topic model to extract themes which are tightly associated with positive/negative sentiment. Our model builds in specific assumptions that characterize sentiment expression in classical Chinese poetry. It assumes that lexical items from the same region are generated from a single sentiment-topic pair. We compare sentiment among different famous poets and show that our results are in accordance with studies in Chinese philology.
The poetry sentiment lexicon described in the paper as well as all test datasets are freely available at http://www.cl.uni-heidelberg. de/˜hou/resources.mhtml.
Related Work
Sentiment lexicons. In recent years, considerable attention has been given to the creation of large polarity (positive and negative) lexicons, including various corpus-based approaches (Turney and Littman, 2003; Kanayama and Nasukawa, 2006; Kaji and Kitsuregawa, 2007; Kiritchenko et al., 2014) and dictionary-based approaches (Kamps et al., 2004; Esuli and Sebastiani, 2005; Mohammad et al., 2009; Baccianella et al., 2010) . Unlike previous graph-based approaches which create sentiment lexicons based on existing lexical resources (e.g., WordNet, thesauri) (Takamura et al., 2005; Rao and avichandran, 2009; Hassan et al., 2011) , there are no such lexical resources for classical Chinese poetry. Therefore, we choose a corpus-based approach.
While our approach for building sentiment lexicons is domain independent, in this paper we apply it to classical Chinese poetry. This is not a trivial task. There are a variety of reliable resources for English sentiment analysis. However, only a few sentiment lexicons for Chinese are available. In particular, these lexicons are for contemporary Chinese. Moreover, given that these lexicons are developed for contemporary Chinese, they will only have partial coverage for classical Chinese poetry. There might also be divergences due to the change of language over several thousand years. To improve sentiment analysis for Chinese, one line of work seeks to leverage rich English sentiment resources through machine translation (Wan, 2008; Wan, 2009; He et al., 2010) . These approaches depend on the quality of machine translation and translation of classical Chinese poetry to English is hard even for professional translators. Our work is similar to Zagibalov and Carroll (2008) in the sense that both approaches are weakly supervised. They build a sentiment lexicon iteratively, starting from a small set of seed items and several lexical patterns (negated adverbial constructions) which can indicate lexical polarity. However, such lexical patterns (e.g., 不 (not) 很 (quite) + 满意 (satisfied) (target word) ) are not applicable in classical Chinese poetry.
Computational analysis of classical Chinese poetry. There has been previous work focusing on classical Chinese poetry generation He et al., 2012; Zhang and Lapata, 2014) . Lee and Kong (2012) develop a dependency treebank for the Complete Anthology of Tang Poetry. On the basis of this corpus, Lee and Tak-sum (2012) quantitatively analyze the semantic content and word usage in the Complete Anthology of Tang Poetry. Voigt and Jurafsky (2013) find that the classical characters of Chinese poetry decreased across the century by comparing classical poetry and contemporary prose.
There are only a few works trying to analyze sentiment in classical Chinese poetry. Hu (2001) proposes "similarity search" by using word association measures. For instance, given typical emotional words such as "悲伤 (sadness) 哀 (sorrow)", the system can find words (e.g., 南浦 (southern shore, a place often used to hold farewell parties in ancient China) ) associated with sad emotions.
However, he does not analyze sentiment in classical Chinese poetry quantitatively. Based on manually annotated data, Luo (2009) analyzes the sentiment of classical Chinese Song poetry among different poets. To the best of our knowledge, there is no publicly available sentiment lexicon for classical Chinese poetry.
Building a Sentiment Lexicon for Classical Chinese Poetry
In this section, we briefly introduce Weighted Personalized PageRank (WPPR). We then detail how we construct a lexical network and how we apply WPPR over the lexical network to build a sentiment lexicon for classical Chinese poetry.
Weighted Personalized PageRank
The original PageRank algorithm was first introduced by Brin and Page (1998) . It is a linkbased algorithm for ranking the vertices in a graph. Later, various extensions have been proposed. Weighted PageRank (Xing and Ghorbani, 2004) takes into account the importance of both the inlinks and the outlinks of the vertices when distributing rank scores based on the popularity of the vertices. Personalized PageRank (Haveliwala, 2002; White and Smyth, 2003) computes the importance of vertices in a graph relative to one or more root vertices. It has been successfully applied in other NLP tasks, such as word sense disambiguation (Agirre and Soroa, 2009 ).
Here we combine Weighted PageRank and Personalized PageRank to measure the similarity of lexical items in a lexical network relative to sentiment seeds. Let G be a lexical network with N vertices v 1 , . . . , v n ∈ V and w ij be the weight associated with the edge from v i to v j . Let M be a N × N transition probability matrix, where M ij = w ij if a link from v i to v j exists, and zero otherwise, let S be a set of sentiment seeds where S ⊆ V . Then the Weighted Personalized PageRank vector R over G can be calculated as follows:
where α is the damping factor and its value usually set in the [0.85..0.95] range. P is a N × 1 vector, where P i = 1 |S| for v i ∈ S, and zero otherwise, i.e., all vertices in the sentiment seeds have equal prior probability.
Equation 1 can be viewed as the result of a random walk process starting from the seed nodes, where the random walkers can jump back to the seed nodes S with a given probability 1 − α. The final rank of vertex v i , biased towards the set S (the bias is encoded in P ), represents the probability of a random walk over the weighted graph (weights associated with edges are encoded in M ) ending on vertex v i , at a sufficiently large time.
Lexical Network Construction
To create a sentiment lexicon for classical Chinese poetry, we first build a lexical network on the basis of the Complete Anthology of Tang Poetry 2 . Since poetry is imbued with emotions, we assume that: (1) each lexical items in the lexical network bears positive or negative sentiment; and (2) lexical items within a small window are more likely to share the same sentiment. Therefore, by applying WPPR on the basis of a small set of positive (negative) lexical items, we can trace how positive (negative) sentiment information is distributed over the whole lexical network.
The lexical network G is a directed weighted graph, where each vertex v i is a lexical item. We define a lexical item as a word containing one or two characters. Classical Chinese poetry is typically written in a highly compressed style, where each line normally has a fixed five or seven characters. As a result, each character itself or words containing two characters are expressive and can be used as the main semantic units. Instead of carrying out word segmentation, we simply use a frequency threshold to extract lexical items: a lexical unit is extracted as a lexical item if it appears at least x times in the corpus (x is ten for singlecharacter unit and 50 for two-character unit).
We then create an edge from v i to v j , if v i and v j co-occur within a window of five characters, i.e., v i occurs within a window of five characters before or after v j . Let f ij be the number of times that v i and v j co-occur in the whole corpus, we set the weight of the edge from v i to v j as follows:
Alternatively, w ij can be viewed as the probability of lexical item v j occurring nearby, given the lexical item v i . As a result, we construct a lexical network containing 8656 lexical items (4779 are singlecharacter items, 3877 are two-character items) and 8,832,234 edges. This lexical network contains the word co-occurrence information in the Complete Anthology of Tang Poetry.
Sentiment Lexicon Creation
We compile a small set of sentiment seeds, which contains six positive lexical items and six negative lexical items (see Table 1 ). These lexical items are frequent single characters in the Complete Anthology of Tang Poetry and carry strong sentiment. Similar to Turney and Littman (2003) who use 14 sentiment seeds (seven positive words and seven negative words), we only focus on a small number of sentiment seeds to study whether we can build a reasonable sentiment lexicon from weak supervision. We apply WPPR (Section 3.1) twice over the lexical network described in Section 3.2, initialized with the positive seeds and negative seeds respectively. We follow the common practice of setting the damping factor to 0.85. Consequently, we get two PageRank vectors Rp and Rn. They can be seen as a measure of similarity of lexical items to all positive seeds and all negative seeds respectively. Finally, we calculate the sentiment vector as follows:
A lexical item i has a positive sentiment orientation if its corresponding entry in vector Rs (hence Rs i ) is positive, and a negative sentiment orientation if Rs i is negative. The value of Rs i can be viewed as the strength of the sentiment orientation associated with the lexical item i.
Sentiment Lexicon Evaluation
We evaluate our poetry sentiment lexicon intrinsically and extrinsically. For the intrinsic evaluation, we utilize sentiment lexicons for contemporary Chinese because there is a partial overlap between these lexicons and sentiment expressions in classical poetry. We also evaluate lexical items in our sentiment lexicon appearing only in classical poetry. In the extrinsic evaluation, we test whether our sentiment lexicon can be used to predict sentiment orientation of classical Chinese poetry.
Intrinsic Evaluation
Test Datasets. To evaluate our approach, we compile two test datasets. The first dataset (SentiLexicon) contains 933 sentiment words taken from three Chinese sentiment lexicons: HowNet 3 , NTUSD (Ku et al., 2006) , and Tsinghua sentiment lexicon 4 . Although these lexicons are for contemporary Chinese, some words keep the same meaning and polarity as in classical Chinese poetry. We merge these three lexicons by removing duplicate or contradictory entries. This yields a big sentiment lexicon containing 12,945 positive words 5 and 17,114 negative words. We then create SentiLexicon by choosing single-character words and two-character words from the big sentiment lexicon if they do not appear in the set of sentiment seeds (Table 1 ) and occur at least 50 times 6 in the Complete Anthology of Tang Poetry. This leads to a dataset containing 532 positive lexical items and 401 negative lexical items. However, SentiLexicon does not reflect an important aspect of classical Chinese poetry, i.e., emotions are expressed implicitly through imagery. Skilled poets often apply concrete imagery to evoke emotions and sensations. Certain imageries have fixed emotional connotations. For example, the falling autumn leaf ( "落叶") often refers to personal or dynastic decline. We call such words imagery words. We collect 55 typical imagery words (ImageryLexicon) from literature of imagery analysis for Tang poetry. Every word in ImageryLexicon does not appear in SentiLexicon. Table 2 shows some examples of ImageryLexicon. Baseline. We reimplement a previous PMIbased approach (Turney and Littman, 2003) as the baseline. We use the same sentiment seeds and the same co-occurrence window of five characters as our method. The sentiment orientation of a lexical item (single or two-character) is calculated as follows:
Results on test datasets. Table 3 shows the results of our method described in Section 3 (WPPR) and the baseline (PMI) against two test datasets. Our graph-based approach outperforms the baseline in both cases. Our method is more robust than the baseline because it measures the similarity between the candidate lexical item and the whole positive (negative) sentiment seeds together.
Evaluation on sample data. Our test datasets (SentiLexicon and ImageryLexicon) only cover about 11.5% of lexical items of our sentiment lexicon. To evaluate the lexical items that are not in the test sets, we randomly choose 100 items (50 single and 50 two-character lexical items, both with the equal positive/negative sentiment distribution). They were manually checked by the first author. We obtain an accuracy of 53% in this hard evaluation setting.
Extrinsic Evaluation
We also carry out an extrinsic evaluation to judge whether our sentiment lexicon can be utilized to analyze sentiment orientation of classical Chinese poetry. We choose 160 poems from the Tang poetry analysis dictionary (Xiao, 1999), which contains around 1,000 Tang poems paired with professional reviews. We manually annotate the sentiment of each poem as positive or negative according to the reviewers' analysis. This leads to a dataset (sentiPoetry) containing 83 negative poems and 77 positive poems. For each poem, we predict its sentiment based on the accumulated sentiment orientations of all lexical items (single and two-character) in the poem. Specifically, a poem is predicted as positive if its accumulated sentiment orientation is bigger than a threshold t, and negative otherwise. A subset of sentiPoetry containing 30 positive poems and 30 negative poems is used to tune the threshold t, the remaining 100 poems are reserved as test data. Table 4 shows the accuracy of predicting poetry sentiment on the test dataset using the sentiment lexicon for contemporary Chinese described in Section 4.1, as well as the two lexicons based on the baseline (PMI) and our method (WPPR) respectively. Using our lexicon achieves an accuracy of 71% on predicting poetry sentiment, which is 14% better than using PMI Lexicon. It is obvious that the Outof-Domain lexicon (contemporarySenti Lexicon) performs the worst because of its low coverage of lexical items used in classical Chinese poetry. A closer look at the results indicates that positive poems are hard to predict because happy/joyful emotions are often expressed in a very subtle, implicit way. 
Analyzing Sentiment in Tang Poetry
Poems are saturated with emotions that correlate to positive or negative sentiment. But how are sentiments expressed in different topics? How does sentiment differ between individual poets? We aim to answer these questions in this section.
Sentiment-based Topic Distribution
Position-aware sentiment-topic model. Traditional topic models like latent Dirichlet allocation (LDA) (Blei et al., 2003) have been explored extensively to discover topics from text. Recently, LDA has been extended to capture correlations between sentiment and topic from textual data (Mei et al., 2007; Titov and McDonald, 2008; Lin and He, 2009; He et al., 2011; Lazaridou et al., 2013; Li et al., 2013) .
Here we modify a joint sentiment-topic model (JST) (Lin and He, 2009 ) to extract topics associated with positive/negative sentiment. Lin and He (2009) assume that topics are generated dependent on sentiment distributions and words are generated conditioned on the sentiment-topic pairs. JST can detect sentiment and topics simultaneously by encoding word prior sentiment information. However, words in the JST model are position-unaware, i.e., words from the same sentence/clause thus can have different topics or sentiments. We modify the JST model by assuming that lexical items from the same couplet are generated conditioned on the same sentiment-topic pairs. In Chinese poetry, a couplet is a pair of lines which have the same length and express a complete meaning. Lexical items within the same couplet usually relate to the same topic and keep the same polarity. Our position-aware JST model is depicted in Figure 1 . Assume we have a corpus consisting of D documents; each document is a sequence of C couplets and each word (lexical item) in the couplet is an item from a vocabulary index with V distinct terms; let S be the number of distinct sentiment labels and T the total number of topics. The process of generating a word w in document d under our position-aware JST model is as follows:
• For each sentiment label l ∈ S and each topic
Model Priors and hyperparameter settings. We incorporate our sentiment lexicon (described in Section 3) containing 4153 positive lexical items and 4503 negative lexical items as prior knowledge into the position-aware JST model. Specifically, if w is found in the sentiment lexicon, then the element λ lw = 1, and zero otherwise. Following Lin and He (2009), we set the symmetric β = 0.01, γ = (0.05 × L)/S, where L is the average document length, S is the total number of sentiment labels 7 . The asymmetric prior α is learned from data.
Topics under different sentiment polarities.
We apply the position-aware sentiment-topic model to the Complete Anthology of Tang Poetry. The corpus contains 42,862 poems written by 2630 authors, with an average of 60 single characters in each poem. We represent each poem as couplets containing single and two-character lexical items 8 . We conduct experiments on T = 15, 25, 50 respectively. Table 5 shows the topic examples extracted by the position-aware sentimenttopic model with T = 25 under positive and negative sentiment labels respectively. The topics are labeled manually according to the lexical items found in them. Each topic is represented by the top 15 lexical items. These topics reflect common themes associated with positive/negative sentiment in Tang poetry. Moreover, the sentimenttopic distribution provides us with more insight on different aspects of social life in that historical period of China (AD 618 -907).
For instance, poets wrote poems to praise the beauty of women and flowers (topic PT0 and
蹉跎(waste time) 巫峡 (gorge name) 云雨 (clouds and rain) 梦 (dream) 巫山 (mountain name) NT8: death and PT8). They eulogized the Tang empire and were proud of the country's victory in war (topic PT4 and PT2). They enjoyed drinking at banquet (topic PT1), admire others' literary achievements (topic PT3) and praised beautiful landscapes while traveling (topic PT7). In addition, it seems that Buddhism and supernatural beings are the favored topics of poetry in the Tang Dynasty (topic PT6 and PT5). This might reflect that Buddhism was at its peak in the Tang Dynasty and many poets were devout Buddhists.
On the other hand, poets felt sad for women who separated with their loved ones (topic NT0). They were angry for death and destruction caused by tyranny and turmoil (topic NT8). Poets were tired of war (topic NT2) and they were homesick while traveling alone (topic NT3 and NT4).
It is worth noticing that some topics are associated with both positive and negative sentiment. For instance, poets were happy about the victory of war (topic PT2). At the same time, they were sad about the destruction/pain caused by war (topic NT2), i.e., soldiers were forced to leave their homelands and loved ones. Also, traveling could involve both sentiments: poets praised the beauty of nature (PT7); but they also felt lonely while traveling alone (NT3, NT4). Specifically, some scenes during traveling become common imageries/symbols which imply sad emotions, such as things related to water (i.e., 江 (river), 舟 (boat), 湖 (lake), 波 (wave), 岸 (bank), 帆 (sail), 浪 (wave), 浦 (riverside) in topic NT3), or 猿 (ape) in topic NT7. This also reflects that poets liked traveling and that traveling by boat was popular in the Tang Dynasty.
Sentiment of Different Poets
In order to analyze how sentiment differs among poets, we choose four famous poets from the Tang dynasty: 李 白 (Li Bai), 杜 甫 (Du Fu), 王 维 (Wang Wei), and 白居易 (Bai Juyi).
Li Bai enjoys the title of the "Supernatural Being of Poem". His works are full of passion, imagination and elegance. Du Fu, known as the "Poet Sage", is known for his anti-war stance and concerns for the poor. Wang Wei, the poet of landscape, has written lots of elegant and exquisite poems. Bai Juyi has been known for his plain and easily comprehensible style of poem, and for his social and political criticism. On the basis of our sentiment lexicon, we predict the sentiment orientation of each poem using the method described in Section 4.2 with threshold t = 0 9 . We then compare the percentage of poems with different sentiment for each poet. Figure 2 shows that the percentage of positive poems written by Li Bai is the highest among our four poets, whereas the percentage of negative poems written by Du Fu is the highest 10 . It 9 We could also use our position-aware sentiment-topic model to predict the sentiment orientation of each poem. However, for the task of predicting sentiment orientation of poems, we found that the position-aware JST model does not perform as well as our simple method described in Section 4.2 on the same test dataset. 10 We find that the comparison under different value of t keeps the same pattern as shown in seems that Du Fu expressed sad emotions more frequently in his poems. This may relate to his frustrating experiences. He aspired a career as a civil servant, but his failure in the examination put an end to his chances to have an official career. During the period of political turmoil, Du Fu fled to the capital. But he was captured and then wandered as a refugee. Most of Du Fu's life was spent in poverty. One of his sons even died from starvation because of the family's poverty. Du Fu wrote several poems to express his deep sadness for his son's death. It is worth noting that although Bai Juyi has been known for his critical political poems, he also wrote a great amount of poems expressing leisurely and comfortable mood, especially in his late years.
Conclusions
We propose a novel graph-based method to build a sentiment lexicon for classical Chinese poetry. Our approach is weakly supervised and outperforms a previous PMI-based approach (Turney and Littman, 2003) in different evaluation settings. On the basis of our sentiment lexicon, we analyze sentiment in Tang poetry from different perspectives: which topics are associated with positive and negative sentiment, and how sentiment is distributed among different poets. Our analysis results are in line with the main findings established in classical Chinese literary studies.
The work presented in this paper provides a quantitative means to study sentiment in classical Chinese poetry. We hope it can benefit other research topics, such as poetry generation (He et al., 2012; Zhang and Lapata, 2014) and poetry imagery/style analysis (Fang et al., 2009 ).
